The estimated parameters of output distance functions frequently violate the monotonicity, quasiconvexity and convexity constraints implied by economic theory, leading to estimated elasticities and shadow prices that are incorrectly signed, and ultimately to perverse conclusions concerning the effects of input and output changes on productivity growth and relative efficiency levels. We show how a Bayesian approach can be used to impose these constraints on the parameters of a translog output distance function. Implementing the approach involves the use of a Gibbs sampler with data augmentation. A Metropolis-Hastings algorithm is also used within the Gibbs to simulate observations from truncated pdfs. Our methods are developed for the case where panel data is available and technical inefficiency effects are assumed to be time-invariant. Two models -a fixed effects model and a random effects model -are developed and applied to panel data on 17 European railways. We observe significant changes in estimated elasticities and shadow price ratios when regularity restrictions are imposed.
INTRODUCTION
Multi-input multi-output production technologies that satisfy weak disposability can be described using distance functions. Shephard (1970) and Fare and Primont (1995) discuss both input and output distance functions. An input distance function describes the degree to which a firm can contract its input vector without changing its output vector. An output distance function describes the degree to which a firm can expand its output vector, given an input vector.
The estimation of distance functions has been attracting increasing attention in the efficiency and productivity literature. This interest is most likely due to the fact that distance functions can be used to model multi-input multi-output production technologies without having to aggregate outputs (or inputs), and without having to make behavioural assumptions such as cost-minimisation or profit-maximisation. This is particularly attractive to researchers analysing industries in which public ownership or regulation may make such behavioural assumptions inappropriate.
Distance functions can be estimated using several techniques. Fare, Grosskopf and Lovell (1994) provide a comprehensive discussion of data envelopment analysis (DEA), a technique that has the advantage that there is no need to specify a functional form for the boundary of the production technology. Rather, the boundary is constructed using a number of connected hyperplanes, identified by solving a sequence of linear programming problems. However, a downside of DEA is that estimated shadow prices are indeterminate at the intersections of the hyperplanes (though a range of values can be reported), and some may collapse to zero at extreme data points due to the existence of "slack regions".
One way to address this problem is to specify a functional form for the production surface. For example, Fare, Grosskopf, Lovell and Yaisawarng (1993) specify a translog output distance function and estimate it parameters using a generalisation of the linear programming technique proposed by Aigner and Chu (1968) . This parametric linear programming (PLP) approach identifies a smooth production surface and therefore lends itself to the calculation of shadow prices. However, a drawback of the approach (and also DEA) is that it estimates a deterministic frontier where all deviations from the frontier are implicitly assumed to be due to inefficiency. This means the method is particularly susceptible to the effects of data noise (eg., measurement error), which can lead to biased estimates of the shape and position of the frontier surface.
The issue of data noise was addressed by Aigner, Lovell and Schmidt (1977) and Meeusen and van den Broeck (1977) for the case of single-output production frontiers. They proposed the estimation of a stochastic production frontier with two error components -a one-sided error term to accommodate inefficiency, and a symmetric error term to accommodate noise. Given the specification of a suitable functional form for the deterministic part of the frontier (eg., translog) and suitable distributional forms for the two error terms (eg., halfnormal and normal, respectively), the unknown parameters of the frontier can be estimated using maximum likelihood methods. This stochastic frontier analysis (SFA) approach can also be used for distance function estimation -see Coelli and Perelman (1996) . Estimated parametric distance functions have been used for many purposes. For example, they have allowed researchers to measure firm-level technical efficiency by measuring the distance that each firm lies below the production technology -see the analyses of European railways in Perelman (1999, 2000) . They have also been used to measure and decompose productivity growth through time -see the analysis of Spanish insurance companies by Fuentes, Grifell-Tatjé and Perelman (2001) , the analysis of Spanish savings banks by Orea (2002) , and the study by Brummer, Glauben and Thijssen (2002) which measures and decomposes productivity growth in dairy farms in Germany, the Netherlands and Poland.
In addition to performance measurement applications, the estimated parameters of distance functions have been used to investigate, for example, the shadow prices of pollutants in electricity generation (Fare, Grosskopf, Lovell and Yaisawarng, 1993; Swinton, 1998) , the substitutability of outputs in hospitals (Grosskopf, Margaritis and Valdmanis, 1995) , the substitutability of civilian and uniformed personnel in police services (Grosskopf, Hayes and Hirschberg, 1995) , and the shadow price of nitrogen pollution in Dutch dairy farms (Reinhard and Thijssen, 1998) .
These latter papers extract information on the shadow prices of inputs and/or outputs from the estimated distance functions by exploiting various duality theorems (see Fare and Primont, 1995) . This issue is of particular interest to us in this paper because these duality results rely on particular theoretical properties of distance functions. Specifically, they rely on the fact that the output distance function is non-decreasing, convex and The outline of the paper is as follows. In Section 2 we introduce the output distance function and explain how it can be used to obtain shadow prices. In Section 3 we present the translog output distance function and detail the homogeneity, monotonicity and curvature constraints implied by economic theory. In Section 4 we discuss Bayesian methodology for imposing these constraints on the parameters of the distance function. In Section 5 we apply the methodology to panel data on 17 European railways, and report characteristics of estimated marginal posterior distributions of interest. Section 6 summarises and concludes the paper.
OUTPUT DISTANCE FUNCTIONS
We consider the case of a multi-input multi-output production technology where a firm uses the P × 1 input vector x = (x 1 , ..., x P )' to produce the M × 1 output vector q = (q 1 , ..., q M ) '. Following Fare and Primont (1995, p. 8) , the production technology can be described by the technology set (2.1) S = {(x, q) : x can produce q}.
We assume the production technology satisfies a standard set of axioms (Fare and Primont, 1995 p. 27) including convexity, strong disposability, 4 closedness and boundedness.
Fare and Primont show that this technology can also be described using an output distance function:
Our assumptions on the technology set imply that the output distance function is non-decreasing, linearly homogeneous and convex in q, and non-increasing and quasi-convex in x. If (x, q) belongs to the production set S, then D(x, q) ≤ 1. Moreover, D(x, q) = 1 if (x, q) belongs to the "frontier" of the production set. The distance measure D(x, q) is the inverse of the factor by which the production of all output quantities could be increased while still remaining within the feasible production set, for the given input level. It is equivalent to a Farrell-type output-orientated measure of technical efficiency. See, for example, Fare and Primont (1995, p. 29 ).
As we have already noted, distance functions are not only used to estimate efficiency levels and productivity change, but are also used to measure shadow prices and the substitution properties of the technology. For example, Grosskopf, Margaritis and Valdmanis (1995) observe that, if the output sets are convex, the duality between the output distance function and the revenue function can be exploited to retrieve information on output shadow prices. Specifically, the partial derivative of the output distance function with respect to the m-th output is a revenue-delated shadow price:
where p * m is the shadow price of the m-th output and R is total revenue. The ratio of the revenue-deflated shadow prices of two outputs, q m and q n ,
will reflect the slope of the production possibility curve (ie., the marginal rate of transformation). This ratio can be normalised by the output quantity ratio to obtain a unitless measure of output substitutability.
Similar methods have been employed by Fare et al (1993) and Swinton (1998) to calculate shadow prices of pollutants in electricity generation. They use the partial derivatives of the output distance function to construct a ratio as in equation (2.4), and then calculate the shadow price of the pollutant under the assumption that the shadow price of the good output (electricity) equals its observed (market) price.
A similar procedure can be used to extract information on the shadow prices of inputs. Fare and Grosskopf (1994, p. 100) show that the partial derivative of the output distance function with respect to the p-th input provides a measure of the shadow price of the p-th input deflated by total cost (along with a factor reflecting scale economies). Ratios of these partial derivatives (ie. shadow prices) reflect the slope of the isoquant (ie. the marginal rate of technical substitution).
The availability of information on observed prices means that shadow price ratios can be compared with observed price ratios to investigate questions regarding allocative efficiency (in input mix and in output mix). Shadow price information is also utilised in methods that decompose productivity growth into its components. For example, Bremmer et al (2000) estimate an output distance function, and then use total differential methods to decompose productivity change into various components, including two allocative-efficiency-related terms that involve differences between shadow shares and observed shares. The shadow share information is obtained by taking derivatives of the estimated (logarithm of the) distance function.
Researchers who derive elasticities and shadow price (or shadow share) information from an estimated distance function need to be confident that the estimated distance function satisfies prescribed monotonicity and curvature properties at each data point in the sample. Monotonicity violations will, for example, give rise to incorrectlysigned elasticities, with the perverse implication that productivity can be improved by increasing inputs while holding outputs fixed. Curvature violations will, for example, give rise to production possibilities frontiers that are convex to the origin, implying the solutions to first-order conditions for revenue maximisation will not be points of maximum revenue. Moreover, shadow prices may be incorrectly signed and may not be unique. These types of results are clearly unsatisfactory. Hence, we seek a method to impose the required regularity conditions on the parameters of an estimated translog distance function.
THE TRANSLOG OUTPUT DISTANCE FUNCTION
The translog is a flexible functional form in the sense that it can provide a second-order approximation to an arbitrary functional form. Authors who have used a translog distance function in empirical work include Fare et al (1993) (to study electricity generation), Grosskopf, Margaritis and Valdmanis (1995) (hospitals) and Coelli and Perelman (1999) (railways) . The translog output distance function defined over M outputs and P inputs can be written as: 
which will be satisfied if Substituting these constraints into the distance function is equivalent to normalising by one of the outputs. If we choose the M-th output, equation (3.1) becomes:
which we write more compactly as:
where TL(.) refers to the translog function and β refers to the vector of a, b and g parameters. An equivalent form of (3.5) is:
where u = -lnD is a non-negative term that captures the effects of inefficiency. If we assume the distance a firm lies from the frontier may be due to either inefficiency or noise, we can follow the stochastic frontier approach proposed by Aigner, Lovell and Schmidt (1977) and Meeusen and van den Broeck (1977) and add a symmetric error term, v, to capture the effects of data noise. The resulting empirical output distance function is
which is in the form of a standard stochastic frontier model. In Section 4 we describe how to use panel data, and the assumption that the u terms are invariant across time, to estimate the parameters of this model under both fixed and random effects assumptions. Our objective will be to estimate the parameters of the models in such a way that the estimated functions satisfy the following monotonicity (ie. non-increasing in x and non-decreasing in q) and curvature (ie. quasi-convex in x and convex in q) properties implied by production theory.
Monotonicity and Curvature Constraints
Monotonicity and curvature conditions involve constraints on functions of the partial derivatives of the distance function. Key derivatives are the elasticities of distance with respect to inputs and outputs:
For D to be non-increasing in x we require:
while for D to be non-decreasing in q we require:
For quasi-convexity in x, we arrange the first-and second-order derivatives of D to form the bordered Hessian matrix:
: : ... :
and δ pj = 1 if p = j and 0 otherwise. For D to be quasi-convex in x over the nonnegative orthant it is sufficient 7 that all the principal minors of F be negative (Chiang, 1984, p.394) .
Finally, for convexity in q we form the Hessian matrix
: ... :
The function D will be convex in q over the nonnegative orthant if and only if H is positive semidefinite (Lau, p.414) . Thus, D will be convex in q if and only if all the principal minors of H are non-negative (Rao and Bhimasankaram, 1992, p.344) . In the application to European railways discussed below we have M = 2 outputs. In this special case, the Hessian matrix will be positive semidefinite if and only if a 11 ≥ r 1 r 2 (≤ 0.25) 8 .
BAYESIAN ESTIMATION WITH PANEL DATA
This section draws on the discussions of Bayesian stochastic frontier models found in the papers by Koop, Osiewalski and Steel (1997) and Koop and Steel (2001) . We introduce some slightly different notation to avoid confusion with the notation we have already used to describe distance functions in Sections 2 and 3, and to avoid having to redefine variables when we switch the discussion from the fixed effects model to the random effects model.
We assume data is available for i = 1, .., N firms for t = 1, ..., T time periods and write the stochastic output distance function model from equation (3.7) as:
where y it = -lnq Mit , z it is a K × 1 vector comprising functions of the logarithms of the input variables and the output ratios, φ is a K × 1 vector of parameters, and a 0 is the intercept parameter in (3.1) and (3.4). The set of T observations on firm i can be written:
For estimation purposes we assume the elements of the v i s are independent normal random variables with zero means and constant variance, h -1 . The probability density function (pdf) of v i is written
We can estimate the model assuming the time-invariant u i terms are either fixed parameters or random variables. In either case, the technical efficiency of firm i is
, so u i can sometimes be used as a measure of technical inefficiency (Kim and Schmidt, 2000, p.93) .
The Fixed Effects Model
If the u i terms in (4.1) and (4.2) are treated as fixed parameters then the so-called fixed effects model can be written:
where α i = a 0 + u i is the i-th individual effect. This is the form of a standard panel data model (eg. Judge et al, 1985, p.519) . The vector of individual effects is α = (α 1 , ..., α N )', and the complete set of NT observations can be written compactly in the form
8 Homogeneity requires a 11 = -a 12 = -a 21 = a 22 and r 1 + r 2 = 1, and these constraints can be used to show that |H| = 0. Then H will be psd if and only if (a 11 + r 1 r 1 -r 1 )(D/q 1 q 1 ) ≥ 0, or a 11 ≥ r 1 r 2 . Monotonicity and homogeneity together imply r 1 r 2 ≤ 0.25. 9 The notation f N (a | b, C) is used to indicate that a is a multivariate normal random vector with mean vector b and covariance matrix C. The notation f G (a | b, c) will be used to indicate that a has a Gamma distribution with shape parameter b and scale parameter c (so a has mean b/c and variance b/c 2 ).
For Bayesian inference we adopt the following independent priors for the unknown h and θ:
where I(.) is an indicator function which takes the value one if the argument is true and zero otherwise, and R j is the set of permissible parameter values when no constraints (j = 0), monotonicity constraints (j = 1) and both monotonicity and curvature constraints (j = 2) must be satisfied. The joint prior pdf is therefore
The likelihood function is
and, using Bayes's Theorem, the posterior pdf is
We are primarily interested in θ so we integrate h out of this pdf to obtain
When j = 0 the prior (4.7) is an unconstrained uniform prior and the posterior (4.11) is in the form of a multivariate-t distribution. In this case, characteristics of the marginal posterior densities of elements of θ can be obtained using standard Bayesian results (eg. Zellner, 1971, pp.66-70) . However, when j > 0 the vector θ will have a truncated joint posterior and MCMC simulation methods are required to estimate characteristics of the marginal posteriors. Indeed, irrespective of the value of j (ie. whether or not θ is constrained), MCMC methods are required to estimate characteristics of the marginal posteriors of shadow price ratios and other economic quantities of interest, denoted g(θ). Accordingly, for both unconstrained and constrained models, we use MCMC methods to draw sample observations {θ j : j = 1, ..., J} from the posterior p(θ | y). Integrals of the form
are then estimated by simply averaging g(θ) over these J draws.
Simulating from the unconstrained (ie., j = 0) version of the posterior (4.11) is possible using a basic Gibbs sampler. The Gibbs sampling algorithm draws from the joint posterior density by sampling from a series of conditional posteriors. Details of the algorithm are available in the seminal paper by Gelfand and Smith (1990) . However, to impose monotonicity and curvature restrictions the basic Gibbs sampler needs to be supplemented with an accept-reject algorithm. Terrell (1996) used this approach to impose monotonicity and concavity constraints on the parameters of a cost function. A disadvantage of the Terrell approach is that it may be necessary to generate an extremely large number of candidate draws before finding one that is permissible. In many situations, a more efficient alternative is to simulate from the constrained posterior using a MetropolisHastings (M-H) algorithm. Details of the M-H algorithm can be found in, for example, Chen, Shao and Ibrahim (2000, p.23-24) . Random-walk M-H algorithms have been used by O'Donnell, Shumway and Ball (1999) and Griffiths, O'Donnell and Tan Cruz (2000) to impose curvature constraints on the parameters of systems of cost and/or conditional input demand functions.
Implementation of the random-walk M-H algorithm involves chooosing an arbitrary proposal density to generate candidates for inclusion in the MCMC sequence. In our empirical application we use a multivariate normal proposal density, with covariance matrix equal to a tuning scalar multiplied by the maximum likelihood estimate of the covariance matrix of the parameters. The tuning scalar is used to manipulate the acceptance rate (ie., the rate at which candidate draws are included in the MCMC sample). Roberts, Gelman and Gilks (1997) show that if the target and proposal densities are normal pdfs, the optimal acceptance rate (ie., the one which minimises the autocorrelations across the sample values) is between 0.45 (in one-dimensional problems) and approximately 0.23 (as the number of dimensions becomes infinitely large). In our empirical work we choose the tuning scalar so that the acceptance rate lies within this range.
Our simulated draws from the constrained and unconstrained posteriors are used to estimate characteristics of the marginal pdfs of functions of the parameters, including measures of relative technical efficiency. The fixed effects model cannot generally be used to estimate the technical efficiency scores given by (4.3). However, it can be used to estimate relative technical efficiencies given by
These RTE i will lie between zero and one, with a value of one indicating the firm is the "best" firm in the sample. If both N and T are large, they can be regarded as absolute technical efficiency scores (Kim and Schmidt, 2000, p.96) .
The Random Effects Model
Rather than assume the u i 's in (4.1) and (4.2) are fixed, we now assume they are independent random variables. The so-called random effects model can be written:
The complete set of NT observations can be compactly written:
In this paper we assume the elements of u are independent random variables drawn from exponential distributions that share a common unknown parameter, λ. Specifically, we assume p(
More flexible distributions (eg. gamma with fixed shape parameter greater than one) can be easily handled in the Bayesian framework (for examples, see van den Broeck et al, 1994; Koop et al, 1995) but they make the inefficiency errors more difficult to distinguish from the normally distributed errors representing noise (see Ritter and Simar, 1997) . Another reason for choosing the exponential distribution is that van den Broeck et al (1994) find that models based on this distribution are reasonably robust to changes in priors.
We adopt the independent prior (4.6) for h and the following prior for β: Fernandez, Osiewalski and Steel (1997) show that we need a proper prior for the remaining parameter, λ, in order to obtain a proper posterior. Accordingly, we use the proper prior
where τ * is the prior median of the efficiency distribution. Our joint prior pdf is therefore
Koop, Steel and Osiewalski (1995) set τ * = 0.875 in their study of efficiency in the US electric utility industry. By coincidence, our best prior knowledge of the efficiency of European railways in this study is the mean efficiency value of 0.878 reported by Coelli and Perelman (2000) . Koop et al (1997) find their results for US hospitals are extremely robust to enormous changes in τ * , so we are comfortable setting τ
and the posterior p(β, h, u, λ -1 | y) is proportional to the product of (4.18) and (4.19).
To draw observations from the posterior it is convenient to use a Gibbs sampler with data augmentation. The term "data augmentation" derives from the fact that it is convenient to augment the observed data by drawing observations on u. Such an algorithm has been used to estimate unconstrained stochastic frontier models by several authors including Koop, Steel and Osiewalski (1995) .
The Gibbs sampler with data augmentation involves drawing sequentially from the following conditional posteriors:
and y
Draws from these conditional posteriors will converge to draws from the posterior p(β, h, u, λ -1 | y). In practice, sampling from the gamma distributions (4.20) and (4.21) is straightforward. Sampling from the truncated multivariate normal distribution (4.22) can be accomplished using a simple accept-reject algorithm, but in our empirical application we found it was more efficient to use the M-H algorithm discussed earlier in the context of the fixed effects model. In the case of a (non-truncated) tri-variate normal distribution, Gelfand and Lee (1993) find that an appropriate number of M-H sub-iterations at each stage of an outer MCMC algorithm is 4 or 8. In this paper we use 10 M-H sub-iterations at each stage of the outer Gibbs algorithm.. Finally, sampling from the conditional density (4.23) is simplified by noting that the covariance matrix is a scalar times an identity matrix, and the truncations are independent. Thus, we sample from this multidimensional conditional posterior using N univariate truncated normal distributions, using results that can be found in Albert and Chib (1996) .
Once again, we are interested in characteristics of the marginal pdfs of (functions of) θ, including the measure of absolute technical efficiency given by (4.3). Again, MCMC draws from the posterior p(β, h, u, λ -1 | y) can be used to compute corresponding draws on these quantities of interest.
APPLICATION TO EUROPEAN RAILWAYS Data
Our data are observations on 17 European railways over the six-year period from 1988 to 1993. The data are derived from data published by the International Union of Railways (UIC, 1988 (UIC, -1993 . Our model is defined with two output variables (passengers and freight) and three input variables (labour, rolling stock and lines) 10 . 10 Information on energy use was not available. It is expected that energy use would be closely correlated with rolling stock and hence its omission is unlikely to introduce serious bias.
The passenger service output and freight service output variables are measured using the sum of distances travelled by each passenger and the sum of distances travelled by each tonne of freight, respectively.
The labour input variable is measured by the annual mean of monthly data on staff levels. These staff levels only relate to those staff involved in train services and station services. Staff involved in the maintenance of rolling stock and lines are not included given that some companies subcontract these activities.
11 Rolling stock is measured by the sum of available freight wagons and coach transport capacities in tonnes and seats, respectively. The third input used is measured using the total length of lines.
12 More details concerning the construction of the data are provided in the Appendix.
Empirical results
The first step in our empirical analysis was to estimate the fixed-effects model using least squares methods. Following estimation, we checked the monotonicity and curvature conditions described in Section 3 at each data point in the sample of 102 observations. We found the monotonicity constraints were violated at 67 data points (8, 37 and 29 violations in the cases of inputs 1, 2 and 3; no violations for output 1; 5 violations for output 2) and the curvature constraints were violated at every data point (quasi-convexity in inputs was not satisfied at any data point; convexity in outputs was satisfied everywhere). Thus, the unrestricted estimated output distance function fails to satisfy the properties prescribed by production theory, and any measures derived from this estimated function, such as elasticities or shadow prices, are likely to be unreliable. The next step was to estimate the model using the fixed effects and random effects Bayesian methods described in the previous section. These models were estimated under three different levels of constraints: no constraints (j = 0); monotonicity only (j = 1); and monotonicity and curvature (j = 2). In each case we generated a total of 60,000 observations, and then discarded the first 10,000 as a 'burn-in'. The means of our six MCMC samples are estimates of the means of the marginal posterior distributions of the parameters and are reported in Tables 1 and  2 . These tables also report 95% posterior coverage regions calculated as the fifth and ninety-fifth percentiles of the MCMC sample observations 13 . There is broad similarity between the estimates obtained from the fixed and random effects models -the fixed effects point estimates are contained within the random effects coverage regions and vice versa; if anything, the fixed effects coverage regions tend to be slightly wider than those obtained using the random effects model.
Prior to estimation the sample data was deflated so that each variable had a sample mean of one. The derivatives (3.8) and (3.9) collapse to b p and a m when evaluated at these (unit) variable means, and the monotonicity conditions can therefore be expressed as b p ≤ 0 and a m ≥ 0. The point estimate of b 2 reported in the first column of Table 2 (the unconstrained fixed effects model) is positive, implying the theoretical monotonicity constraints are not satisfied. The estimates of the first-order coefficients reported in the fourth column of Table 2 (the unconstrained random effects model) are correctly signed. 14 Further insights into regularity violations can be gained by examining the coverage regions and (estimated) marginal posterior pdfs. For example, even though the point estimate of b 2 reported in the fourth column of Table 2 is correctly signed, the associated coverage region spans zero, meaning there is positive probability that monotonicity is violated. The associated unconstrained marginal posterior pdf is depicted in Figure 1 and reveals that b 2 is incorrectly signed with estimated probability 0.42 (the estimated area under the pdf and to the right of zero). Further analysis of the estimated unconstrained marginal posterior pdfs of the s p and r m and the principal minors of F and H at points other than the variable means reveals that there is positive probability that monotonicity is violated at every data point in the sample 15 (47, 67 and 56 data points in the cases of inputs 1, 2 and 3; 16 and 15 in the cases of outputs 1 and 2). Moreover, there is positive probability that curvature is also violated at every data point, all due to failure of the unconstrained estimated distance function to satisfy the property of quasi-convexity in inputs.
11 For instance, the Swedish railways infrastructure is an independent company (BV). 12 For a discussion of alternative railways technology specifications, see Cowie and Riddington (1996) . 13 These coverage regions are analogous to the 95% confidence intervals used by frequentists. We report coverage regions instead of estimated standard deviations because they provide a better indication of likely and unlikely values of the parameters in cases like ours where many of the marginal posterior distributions are asymmetric. 14 Our use of a noninformative joint prior means the unconstrained Bayesian fixed-effects results are quite similar to those obtained using least squares. Hence we have not reported the least squares results here. 15 Using results from the fixed effects model. Table 2 and Figure 1 that incorporating monotonicity information into the estimation process has had the effect of dramatically reducing the variances of the estimated marginal pdfs. This is intuitively plausible, and consistent with the Monte Carlo finding of Dorfman and McIntosh (2001) that imposing inequality restrictions on systems of demand equations can improve the mean squared errors (MSEs) on estimated elasticities by up to 50 percent. However, monotonicity constraints alone are not enough to ensure the estimated distance function is regular. Monotonicity-constrained point estimates of the s p and r m and the principal minors of F and H reveal that curvature is still violated at every data point in the sample, although quasi-convexity in inputs is now violated at only 30 data points (instead of 102 using the unconstrained estimates), and convexity in outputs is violated at 100 data points (instead of none). When we focus on the estimated posterior pdfs, we find there is positive probability that quasi-convexity in inputs is violated at 98 data points (instead of 102 using the unconstrained estimates), and convexity in outputs is violated at 100 data points (instead of none) 16 . Imposing quasi-convexity and convexity has had relatively little impact on the signs and magnitudes of our estimates of the first-order coefficients and their standard errors. However, imposing these properties has had a relatively large impact on some of the second-order coefficients -point estimates of b 13 and b 23 undergo sign reversals, and we observe a ten-fold decrease in the width of some coverage regions (eg., that for of a 11 ).
It is apparent from
Point estimates of (time-invariant) relative technical efficiencies are reported in Table 3 . The unconstrained estimates obtained using the fixed effects model are generally lower than the random effects estimates, reflecting our use of the uniform prior (4.7). This prior implies a noninformative prior for min j (u j ) -u i on the interval [0, ∞), and in turn this implies an informative prior on RTE i = exp(min j (u j ) -u i ) of the form p(RTE i ) ∝ 1/RTE i (Kim and Schmidt, p. 103) . This is an L-shaped prior which is strongly biased in favour of low efficiency, and since we have only T = 6 observations per firm, it is a prior that is unlikely to be dominated by the data 17 . Kim and Schmidt (2000) observe a similar phenomenon in the case of Indonesian rice farms and Texas utilities. A second noteworthy feature of Table 3 is that the random effects estimates tend to exhibit less variation across firms than the fixed effects estimates. This reflects our assumption that the random inefficiency effects are drawn from a common distribution, ie. f G (u i | 1, λ -1 ). The fixed effects estimates of technical efficiencies tend to fall as we impose monotonicity and curvature constraints, whereas the random effects estimates are relatively robust to the imposition of these regularity conditions. Estimated distance functions are not just used to estimate efficiency effects -they are also used to obtain shadow price information and to calculate and decompose productivity growth measures. Such work utilises estimates of the partial derivatives of the estimated distance function. In order to illustrate the effects of imposing monotonicity and curvature constraints on (functions of) these partial derivatives, we have reported a selection of estimates in Tables 4 to 7 and Figures 2 to 9. In Tables 4 to 6 we report information on input elasticities (s p ) evaluated at the input and output levels of each firm in the final year of the sample period (1993). In Table 7 we report corresponding information on the output shadow price ratios (passengers over freight) given by (2.4). Figures 2 to 9 present corresponding estimated marginal pdfs for firm i = 3 only (Swiss Federal Railways).
It is apparent from Tables 4 to 6 that several (estimated) unconstrained elasticities are incorrectly signed (ie. are positive) -two incorrectly-signed estimates in the case of input 1, eight in the case of input 2, and five in the case of input 3. The larger number of violations in the case of the elasticity for input 2 is largely due to the fact that the estimated unconstrained marginal pdf of b 2 extends a long way into the positive domain (see Table 2 and Figure 1 ). Incorrectly-signed elasticity estimates imply (implausible) negative shadow price estimates. They also lead to perverse conclusions concerning productivity growth -a positive elasticity implies that an increase in the use of that input (with all other variables, including output, held constant) will increase the (measured) productivity of that firm.
Further inspection of Tables 4 to 6 reveals that all the monotonicity-constrained estimates are correctly signed (by construction). The effects on the elasticity estimates of subsequently imposing curvature constraints are also quite noticeable. This is clearly illustrated in Figures 2 to 7 in the case of firm 3 -the curvature constraints cause rightward and leftward shifts in the estimated pdfs for the elasticities of inputs 1 and 3; the variances of the estimated pdfs become smaller as more inequality information is incorporated into the estimation process, in line with our findings concerning the estimated pdfs of individual coefficients (see Figure 1 ).
Our final comments concern the estimated (distributions of the) output shadow price ratios presented in Table 7 and Figures 8 and 9 . Monotonicity violations are evident among the unconstrained estimates -the first and 16 Again, using results from the fixed effects model. 17 By implication, our results may not be robust to our choice of prior.
fourth columns of Table 7 contain negative point estimates of shadow price ratios for a couple of firms, and a small number of coverage regions span zero 18 ; Figures 8 and 9 depict estimated unconstrained marginal pdfs that extend into the negative domain. The monotonicity-constrained estimates are correctly signed by construction and, once again, the estimated variances of the marginal posterior pdfs decrease with the imposition of (more) regularity constraints. The estimated shadow price ratios reported in Table 7 can be used for several purposes. For example, they could be compared with observed price ratios to investigate the degree of cross-subsidisation between freight and passenger services in this industry. It is clear that findings from these types of investigations will be sensitive to the imposition of monotonicity and curvature constraints.
SUMMARY AND CONCLUSION
The estimation of output distance functions is popular among applied microeconomists, partly because distance functions obviate the need to make behavioural assumptions (eg., cost minimisation) in order to estimate interesting characteristics of multi-input multi-output technologies. Characteristics of particular interest to economists include elasticities which measure the effects on efficiency of changes in inputs, and shadow price ratios which measure marginal rates of transformation between outputs, or marginal rates of technical substitution between inputs. To recover reliable estimates of these characteristics, it is important to estimate distance functions in a manner consistent with the regularity (eg., homogeneity , quasi-convexity and convexity) properties implied by economic theory. Failure to impose these regularity constraints on the parameters of distance functions may give rise to estimated elasticities and shadow price ratios that are unreliable, if not implausible.
Sampling theorists seem to have little difficulty imposing monotonicity and convexity constraints 19 on the parameters of distance functions, but imposing quasi-convexity constraints appears difficult. This paper handles the problem in a Bayesian framework. Imposition of monotonicity and curvature constraints is straightforward in a Bayesian framework, but involves the use of Markov chain Monte Carlo (MCMC) simulation techniques. This paper uses two common MCMC algorithms to estimate the parameters of a translog output distance function under two different assumptions concerning inefficiency effects. We use a Metropolis-Hastings algorithm to estimate the distance function under a fixed effects assumption. We use a Gibbs sampler with data augmentation and Metropolis-Hastings sub-chains to estimate the distance function under a random effects assumption. By imposing monotonicity, quasi-convexity and convexity constraints on the parameters of an output distance function, we extend earlier work by Koop, Steel and Osiewalski (1995) and Koop, Osiewalski and Steel (1997) on Bayesian estimation of unconstrained stochastic production frontiers.
In our empirical application to 17 European railways, our estimates of (relative) technical efficiency seem more sensitive to the random versus fixed effects assumptions than to the imposition of regularity constraints. However, the imposition of these constraints gives rise to significant changes in the signs and magnitudes of other estimated functions of the parameters. Point estimates of elasticities and shadow price ratios undergo sign reversals, and the variances of estimated marginal pdfs become much smaller as more inequality information is incorporated into the estimation process. The estimates obtained from the regularity-constrained models are the only estimates that are theoretically plausible.
DATA APPENDIX
The data were assembled from International Railways Statistics, published each year, since1925, by the International Union of Railways (Union International de Chemins de fer, UIC). For each input and output variable discussed below, we indicate the corresponding table containing the annual statistics of individual railways. We also give a summary of the UIC description for each of the selected statistics (UIC, 1988 (UIC, -1993 .
Inputs

Staff
Operating and traffic staff (Table 31) Corresponds to the annual mean staff bound to the railway by an employment contract and working in the following activities : -central and regional operating and traffic departments; -stations, halts, stopping points, town offices and signaling installations; -train-accompanying and inspection.
Rolling
Passenger transport stock (Table 22) and Freight transport stock (Table 23 ) stock
The available annual mean fleet of coaches multiplied by the average seats and sleep accommodation, and the available annual mean fleet of railway-owned wagons multiplied by the average capacity in tonnes.
Lines Lines (Table 11) Total length (in km) of lines worked, including electrified and non-electrified lines and broad and narrow gauge lines. Sections permanently out of use are excluded.
Outputs
Passengers Revenue-earning passenger traffic (Table 51) Number of passenger-kilometers conveyed by rail calculated in accordance with the number of tickets sold multiplied by the kilometric distance for each journey (or by a mean kilometric distance).
Freight
Freight traffic (Table 61) Tonnes-kilometers of revenue-earning traffic carried by rail obtained by multiplying the chargeable weight by the charging distance. This variable includes essentially full wagonloads as well as express parcels and small traffic (including postal packages).
The railway companies included in the data set are: 
